Lead (Pb) is a well-known toxicant, especially for the developing nervous system, albeit the mechanism is largely unknown. In this study, we use time series RNA-seq to conduct a genome-wide survey of the transcriptome response of human embryonic stem cell-derived neural progenitor cells to lead treatment. Using a dynamic time warping algorithm coupled with statistical tests, we find that lead can either accelerate or decelerate the expression of specific genes during the time series. We further show that lead disrupts a neuron-and brain-specific splicing factor NOVA1 regulated splicing network. Using lead induced transcriptome change signatures, we predict several known and novel disease risks under lead exposure. The findings in this study will allow a better understanding of the mechanism of lead toxicity, facilitate the development of diagnostic biomarkers and treatment for lead exposure, and comprise a highly valuable resource for environmental toxicology. Our study also demonstrates that a human (embryonic stem) cell-derived system can be used for studying the mechanism of toxicants, which can be useful for drug or compound toxicity screens and safety assessment.
Lead is well known as one of the most ubiquitous and persistent toxicants present in the environment. Excessive exposure to lead can cause several serious health problems such as liver damage (Degawa et al., 1995) , visual dysfunction (Otto and Fox, 1992) , hypertension , cognitive function disorder, and attention deficit hyperactivity disorder (Nigg et al., 2010) . However, lead is still widely used in industry and manufacturing due to its physical and chemical properties (Abadin et al., 2007) . Lead can enter drinking water when service pipes that contain lead corrode, especially where the water has high acidity or low mineral content (U.S. Environmental Protection Agency). For example, in 2015 the U.S. city of Flint, Michigan had a series of problems that culminated with lead contamination from aging pipes and caused thousands of residents to experience a range of serious health problems (Detroit Free Press [October 8, 2015] ). Understanding the molecular mechanisms of how lead affects the human transcriptome is important for understanding how lead can cause human disease. Previous studies suggest lead exposure leads to several gene expression changes such as increased expression of beta-amyloid precursor protein (APP) and the APP cleaving enzyme betasecretase 1 (Wu et al., 2008) , altered expression of DNA methyltransferases and methyl cytosine-binding proteins (Schneider et al., 2013) , decreased expression of N-methyl-D-aspartate receptor (Neal et al., 2011) as well as disrupted normal expression patterns for several neural markers (Sanchez-Martin et al., 2013) . These findings shed light on a handful of direct or indirect molecular targets of lead, but the comprehensive temporal transcriptomic response to lead exposure remains largely unstudied.
When compared with other cell types, neural cells are the most sensitive and primary targets of lead (Cory-Slechta, 1996; Flora et al., 2012) . For example, lead can disrupt neurotransmitter release at sites involved in calcium-regulated secretion (Suszkiw, 2004) . Lead exposure is highly associated with cognitive defects in children (Lidsky and Schneider, 2003) . Neural cells or their progenitors have enabled researchers to establish model systems for probing developmental neurotoxicity of lead in vitro (Senut et al., 2014) . Thus we chose human neural progenitor cells (NPCs) for investigating the response of lead.
Here, we use time series RNA-seq to conduct a genome-wide survey of the temporal transcriptome response of human embryonic stem (ES) cell-derived NPCs exposed to lead. We identify genes that show different dynamic patterns over time as compared with untreated controls in response to lead treatment and characterize their temporal expression profiles. Using a dynamic time warping (DTW) algorithm (Giorgino, 2009 ) coupled with a one-sided Wilcoxon signed-rank test, we identify lead induced "gear-shift" genes defined by the exhibition of accelerated or decelerated expression changes across the time series compared with untreated controls.
NOVA1 is a neural-specific splicing factor (SF) and is vitally important for neural development through its regulation of hundreds of distinct alternative splicing events. Using exon splice junction read counts, we identify lead induced alternative splicing changes and further show that lead disrupts NOVA1 regulated splicing network.
Traditionally, the potential toxicity of environmental chemicals have been tested through animal models, which suffer from high cost and difficulties in extrapolating findings to humans. Moreover, the potential toxicity does not necessarily result in obvious phenotype changes but rather in minor changes relating to cell activities or communication. We hypothesize that, by using lead induced transcriptome change signatures, we can predict lead induced disease risk. By comparing the human disease associated gene database (DisGeNET) (Bauer-Mehren et al., 2010) with lead induced gene expression changes, we predict that lead will potentially increase the risk of several diseases such as cognitive impairment, cancer, developmental impairment, and hormonal-immune system disease. The majority of these predictions are directly or indirectly supported by epidemiological case-control studies. In addition, we linked lead exposure with several novel disease risks such as Polycystic Ovary Syndrome (PCOS) using genes containing lead induced aberrantly spliced exons; though further studies are needed to confirm these associations.
Taken together, these results present a comprehensive temporal lead induced transcriptome response map; a highly valuable resource for understanding the mechanism of lead toxicity expediting the development of biomarkers of and treatments for lead exposure.
MATERIALS AND METHODS
Derivation of NPCs. NPCs were derived with a modified protocol from a previously reported protocol (Chambers et al., 2009) . Human embryonic stem cells (hESCs) were split using 0.5 mM EDTA in 1X PBS and cultured in E8 medium (Life Technologies, Grand Island, NY) minus TGF-b1 and supplemented with SB431542 (TGF-b receptor inhibitor, 10 lM) (Sigma, St. Louis, MO). The medium was then switched to E6 medium (Life Technologies, Grand Island, NY) supplemented with SB431542 (10 lM) 2 days after split for 7 days. Media was changed daily. The neural rosettes were then mechanically dissociated from the culture dish and cultured as floating aggregates in neural expansion medium (E6 medium without insulin or transferrin supplemented with N2, B27 and FGF2 [5 ng/ml]) for 4 days. Aggregates were then dissociated with Accutase (Life Technologies) and plated onto Matrigel coated plates in neural expansion medium. Cells were cultured for an additional 22 days, passaged when confluent. After culture, the cells were cryopreserved at 1.2 Â 10 7 cells per vial.
Lead treatment. We used lead acetate to treat NPCs at 2 different concentrations, 3 and 30 lM. In children, encephalopathy has been associated with blood lead (PbB) levels (in vivo) as low as 70 lg/dl (3.36 lM) (Abadin et al., 2007) . Children are more sensitive to neurological issues associated with lead exposure. In this study, we chose 3 lM as the low concentration lead because the concentration of 3uM of lead acetate is close to the PbB levels in vivo that can cause encephalopathy. Due to differences in biokinetics and bioavailability of chemicals in vitro and in vivo, in most cases the cytotoxic concentrations are much higher in vitro (Gü lden and Seibert, 2006) . We reasoned that 3 lM might be too low to observe much of an effect in an in vitro study and thus used 30 lM as the high concentration. A study investigating lead toxicity in human peripheral blood mononuclear cells (PBMCs) in vitro did not observe toxicity until the lead concentration was above 500 lM (de la Fuente et al., 2002) . Although the cell type used in our study is different from theirs and our lead exposure time (26 days) is much longer than theirs (48 h), the high concentration of lead (30 lM) used in our study is far below their level. In fact, lead-30 lM or higher is the most widely used concentration for investigating the mechanism of lead toxicity in vitro (Lee et al., 2009; Robinson et al., 2015; Zheng et al., 1999) . NPCs were thawed and expanded in neural expansion medium for 5 days before they were harvested by Accutase treatment. Roughly 1 Â 10 5 cells were then seeded into one well of a 48-well plate in neural expansion medium. Lead treatment started on the same day (day 0). Media was changed every 2 days. Samples were collected at indicated time points by lysing cells directly on the plate with 350 ml RLT buffer. No apparent apoptosis was observed for the cells under lead-30 lM treatment. Cells were dividing throughout the 26 days as seen in the time-lapse movies. Time-lapse movies (from day 2 to 26) are available at (http://www.morgridge.net/upload/files/peng/Lead_ Treatment/CellMovies.zip).
RNA sequencing and data processing. Cells were lysed in 350 ml of the Qiagen Buffer RLT (79216). Total RNA was isolated using the Qiagen RNeasy 96 Kit (74181) and quantified with the ThermoFisher Scientific Quant-It RNA Assay Kit (Q33140) and the Agilent Bioanalyzer RNA 6000 Pico Kit (5067-1513). cDNA libraries were prepared with 100 ng of input total RNA and indexed with the Illumina TruSeq RNA Prep Kit v2 (RS-122-2001 and RS-122-2002) . Indexed cDNA libraries were pooled and sequenced on an Illumina HiSeq2500 with single end 51 bp reads. FASTQ files were generated by CASAVA (v1.8.2). Reads were mapped to the human transcriptome (RefGene v1.1.17) using Bowtie 0.12.8 (Langmead et al., 2009 ) allowing up to 2-mismatches and a maximum of 200 multiple hits. The gene expected read counts and transcripts per millions (TPMs) were estimated by RSEM (v1.2.3) (Li and Dewey, 2011) .
Support vector regression to model cell growth days. Support vector regression (SVR) is a machine learning algorithm to solve nonlinear regression problems. Given a training dataset fðx 1 ; y 1 Þ; . . . ; ðx i ; y i Þg where x i is an input vector (eg, features), y i is the observed value (eg, days), SVR mapped x into a higherdimension feature space F via a nonlinear mapping H, then a linear regression is performed in this space. Briefly, SVR approximate a function using the equation
The coefficients w and b are estimated by minimizing the function
where L e ðy; cÞ is the empirical error, which is measured by L e y; c ð Þ¼ y À c j jÀ e; if y À c j j! 0 0; otherwise ( and 1 =2 j w j jj 2 and C are regularization term and constant value, respectively. The estimation of w and b are obtained by the function
subject to
The optimization problem can be transformed into a quadratic programming problem via the introduction of Lagrange multipliers:
where K is the kernel function K x; x i ð Þ¼H x ð Þ T Hðx i Þ. The RBF (radial basis function) kernel is used in this study:
Root mean square errors (RMSEs) and Pearson correlation coefficient (R) were used to assess the prediction performance.
where n is the number of days. Day i and Day Ã i are predicted and experimentally observed days, respectively.
To reduce the feature dimensions, we performed principal component analysis (PCA) on TPMs for all the samples and used principal components (PCs) as features to do SVR training and prediction (Li et al., 2008) . The untreated controls were used as the training dataset. We applied a forward feature selection procedure to select the best PCs by adding one PC each time (starting from the first component, then the second component, and so on) to the model and then assessed the prediction performance via Leave-One-Out Cross Validation on the untreated controls. We chose the top 5 PCs as the final features as they showed the best RMSE and R. SVR is implemented in the R package ("e1071") (Dimitriadou et al., 2011) .
Differentially expressed genes. We used the EBSeq package (Leng et al., 2013) to assess the probability of a gene being differentially expressed between any 2 given conditions. We required that differentially expressed genes (DEGs) should have FDR < 5% via EBSeq and >1.5-fold change of median-by-ratio normalized read counts.
Gene ontology and pathway analysis. The gene ontology (GO) and pathway analysis were performed using DAVID (Huang da et al., 2009) . We required p > .05 (Bonferroni adjusted) for significantly enriched GO terms (Biological Process Level 3) or pathways (KEGG) (Kanehisa and Goto, 2000) . For example, given a gene with M Up time points, we would randomly select M distinct integers from 1 through 26. If the mean of our observed set is less than the mean of our random set, we increment an "earlier count": E; if it is greater, we increment a "later count": L. This process is repeated 1000 times. We then calculate the p-value for "earlier" enrichment of Up time points as E/1000; and similarly, the p-value for "later" enrichment of Up time points is L/1000. The same calculations are then performed for Down time points. Then, using a p-value of .01 as a threshold, each gene is assigned an Early-Late classification ordered pair. For genes combining EE days with only Up days or only Down days, we use the terms EE-Up and EE-Down to signify that Up (or Down) time points are enriched late with respect to the overall time course; similarly, Up-EE and Down-EE signify early enrichment. For genes with both Up and Down days, we use the terms Up-Down and Down-Up to signify a swing from one class of differential expression to the other. Examples of each category are shown in Figure 4A .
Detection of lead induced "gear-shift" genes. To detect lead-30 lM induced "gear-shift" genes, we firstly required that genes should be expressed and have sufficient variation in the untreated controls across the time series. Hence we filtered out genes from downstream analysis with average TPMs 1.35 (30% quantile) or coefficient of variation 0.19 (30% quantile) in the untreated controls across the time series. We further required that the gene expression patterns in lead-30 lM and untreated control should be highly rank correlated (Spearman's rank correlation coefficient [Rho] > 0.8) between the time series. For the genes which passed these criteria, a DTW algorithm is performed on them to measure the similarity between 2 temporal gene expression patterns. DTW was performed using the R package ("dtw") (Giorgino, 2009) . For the aligned days between lead-30 lM and untreated control NPCs, we calculated the statistical significance of lead-30 lM induced acceleration and deceleration via a 1-sided Wilcoxon signed-rank test on aligned days respectively.
Using RNA-seq to detect alternative splicing changes. The exon splice junction read counts (upstream junction [UJC], downstream junction [DJC] , and skipping junction [SJC]) were obtained by mapping RNA-seq reads to human genes (RefGene v1.1.17) via TopHat . We required that splice junction reads should have at least 8 bp on each side of the splice junction and uniquely mapped. These junction read coordinates in the transcripts were further transferred to genomic coordinates (hg19). The junction reads, which only contained unique genomic coordinates, were kept for downstream analysis. We calculated the exon inclusion level (W) in any given sample using these uniquely mapped junction read counts as follows:
Given an exon, the probability of a significant splicing change (jDWj > 10%) between any 2 samples was calculated by these junction counts via a multivariate Bayesian based approach .
Real time qPCR validation for gene expression change. The qPCR was performed by the TaqMan Universal Master Mix II, no UNG (ThermoFisher Scientific, Madison, WI) on a Viia7 real time PCR machine (Life Technologies). GAPDH with a VIC-MGB_PL dye was multiplexed with the reactions as a loading control that was used to normalize gene expression levels.
Real time qPCR validation for splicing change. We randomly picked 7 exons with a large dynamic range of FDRs (0-0.22) to perform qPCR validation. For each cassette alternative splicing event, we designed 2 sets of primers. One primer set amplifies the constant region (constitutive exons are based on UCSC known gene annotation) and another one amplifies the isoform-specific region (target exon plus upstream or downstream exon). The relative quantity of each region in the cDNA was measured by quantitative real-time PCR with the Power SYBR Green Master Mix (Life Technologies) on a Viia7 real time PCR machine (Life Technologies). For each exon, DC T is calculated by the C T differences of the isoform specific product and constant product (C T , Isoform -C T , Constant ), C T denoting the threshold cycle. We used the following formulae to calculate the fold change:
Data access. The RNA-seq raw data (fastq files) and the processed data (TPMs and expected counts) have been submitted to GEO with accession number GSE84712.
RESULTS

Transcriptional Profile of NPCs Exposed to Lead
NPCs were derived from hESCs with a modified protocol from a previously reported protocol (Chambers et al., 2009 ) (Methods). We used lead acetate to treat NPCs at 2 different concentrations, 3 and 30 lM (see "Materials and Methods" section). Cells were harvested prior to treatment (day 0) and daily, from day 1 to 26, after lead exposure. For each time and lead concentration, RNA was extracted from each sample and sequenced at an average depth of 17 million single end 51 bp reads (see "Materials and Methods" section). A separate reference sample consisting of untreated NPCs at each time was also prepared and sequenced. The gene expression values were estimated via RSEM producing measures of TPM (Li and Dewey, 2011) .
To assess the temporal cellular response to lead treatment, we performed a PCA. As shown in Figure 1A (PC1 vs PC2) and Figure 1B (PC2 vs PC3), the overall gene expression patterns are dominated by 2 factors: time and lead concentration. The transcriptome of the control NPCs changed over time in our culture conditions. Since time and lead concentration dominate global gene expression patterns (Figure 1 ), we hypothesized that one of the potential effects of lead is to accelerate or decelerate the pace of differentiation of NPCs. If so, then we can use a machine learning model to predict the "transcriptomic day" for each sample, and use the deviation between the predicted and the observed days to quantify the extent of cellular response to different concentrations of lead treatment. To this end, we developed a machine learning regression model, SVR (Smola and Vapnik, 1997) , to model the dependent variable (day) as the function of the top 5 PCA components of gene expression profiles (TPMs) (see "Materials and Methods" section). The agreement of prediction and observation was evaluated by comparing the predicted days versus the observed days through RMSE and Pearson correlation coefficient (R). As shown in Figure 2A , if both the training and the prediction were performed on untreated NPCs, the agreement between observation and prediction is very high as expected (RMSE ¼ 1.04, R ¼ 0.99). Then we applied this model (trained by untreated control) to predict the expected days of lead-3 lM treated NPCs. As shown in Figure 2B , the agreement is still very high (RMSE ¼ 1.74, R ¼ 0.98), suggesting that the impact of the low concentration lead (3 lM) treatment on the pace of differentiation is minimal. We next applied the same model (trained by untreated control) to predict the expected days of lead-30 lM treated NPCs. As shown in Figure 2C , the discrepancy between the predicted days and the observed days increases dramatically (RMSE ¼ 4.79, R ¼ 0.87), indicating that lead-30 lM substantially distorted the normal NPC temporal gene expression patterns.
To further analyze what genes are perturbed during lead treatment, we identified differentially expressed genes (DEGs) between lead treated NPCs and untreated controls at each time point (see "Materials and Methods" section). For each day point, approximately 1000-1200 genes are upregulated and approximately 600-1200 genes are downregulated in lead-30 lM treated NPCs (Figure 3) . Among the DEGs, we picked 5 genes (3 upregulated and 2 downregulated by lead-30 lM) from day 24 to perform qPCR validation, as they covered a large dynamic range of log2 transformed fold changes "log2 ((TPM lead-30 lM þ1)/ (TPM control þ1))" which were estimated by RNA-seq (Supplementary Figure 2) . As shown in Suplementary Figure 2 , the gene expression levels estimated by qPCR are highly rank correlated with these estimated by RNA-seq (Spearman's rank correlation coefficient Rho ¼ 1), suggesting RNA-seq can accurately estimate the gene expression levels.
In contrast, a very limited number of genes (approximately 200 or less) are either up or down regulated at each time point in low dose (lead-3 lM) treated NPCs (Figure 3 ). This suggests that lead-30 lM elicits a greater extent of transcriptional changes and triggers a more complicated NPC transcriptome response.
Different Lead Induced Gene Expression Change Patterns Are Associated With Distinct Functions
In this study, we investigated how lead-30 lM altered gene expression patterns over a time course of 26 days compared with untreated controls over the same time course. For each gene at each time point, we assigned 1 of 3 comparative expression classifications based on a differential expression analysis between the treated and untreated samples at the same day: Up (significantly upregulated in the treated sample vs the control), Supplementary Table S1 ) and made a union of all enriched GO terms as shown in Figure 4B . Interestingly, different differential expression categories are enriched in distinct GO terms (Supplementary Table 1 ). The genes, which are upregulated for both early and late time points (Up-Up), are strongly enriched in cell-cell signaling functions indicating a long lasting response of cells to the microenvironment change. By contrast, the upregulated genes, which are only enriched in late time points (EE-Up), are strongly enriched in development terms. The genes with Down-Down patterns are associated with metabolism and development terms indicating that lead represses or perturbs normal metabolic and development processes. The downregulated genes, which are only enriched in early time points (Down-EE), are associated with broad functions including cell cycle and response to stress and DNA damage. Hence, each lead-30 lM induced gene expression change pattern has a distinct functional relevance.
Lead Induced "Gear-Shift" Genes The SVR prediction model suggests that one of the effects of high concentration lead (30 lM) is that it significantly distorts or disrupts the normal NPC cellular temporal transcriptome dynamical path ( Figure 2C ). We hypothesize that in addition to lead-30 lM induced complicated perturbations on temporal gene expressions, lead-30 lM could also alter a fraction of genes via either accelerating or decelerating their expression changes across the time series (lead induced "gear-shift" genes). For example, a gene in untreated NPCs could change dramatically in the first 10 days and then be steadily expressed. But exposed to 30 lM of lead, the same gene could require <10 days (accelerated) or >10 days (decelerated) to complete this dynamic change. We used a DTW algorithm (Giorgino, 2009 ) coupled with a 1-sided Wilcoxon signed-rank test to detect lead-30 lM induced significantly accelerated or decelerated genes (see "Materials and Methods" section). A total of 1041 and 478 genes are significantly accelerated and decelerated in lead-30 lM treated NPCs (p < .05, Bonferroni adjusted), when compared with untreated control samples (Supplementary Table 2 ). Figure  5A is an example of lead-30 lM induced accelerated gene (BAZ1A) and Figure 5B lead-30 lM treated NPCs, the expression level for BAZ1A begins decreasing substantially at day 3 and reaches 10 TPM by day 6 ( Figure 5A ). Figure 5C is an example of a lead-30 lM induced decelerated gene (C4B) and Figure 5D is the corresponding aligned days via DTW. The C4B gene does not show a difference for the first 10 days between lead-30 lM treated NPCs and control. But after day 10, the same dynamic change in gene C4B takes more time in the lead-30 lM treated NPCs than in the untreated controls. The lead-30 lM induced accelerated genes are significantly enriched in cell cycle, neurotransmitter transport, and organelle fission GO terms while the decelerated genes are enriched in positive regulation of biological, metabolic and immune system processes (p < .05, Bonferroni adjusted, Biological Process Level 3) (Supplementary Table 2 ). We further performed pathway analysis on lead-30 lM induced "gear-shift" genes (see "Materials and Methods" section). Interestingly, the lead-30 lM induced accelerated genes are significantly enriched in ribosome pathway (hsa03010:Ribosome, P ¼ 1.77E-13, Bonferroni adjusted) (Supplementary Table 3 ). There is no significantly enriched pathway for lead-30 lM induced decelerated genes with p < .05 (Bonferroni adjusted) (Supplementary Table 3 ).
Lead Induced Alternative Splicing Changes
Alternative splicing is a crucial mechanism for expanding transcriptomic and proteomic diversity. The coordinated changes in splicing contribute an additional layer of gene regulation at the posttranscriptional level, and aberrant splicing can cause a wide range of human diseases (Chen and Manley, 2009 ). To examine whether lead will also induce global alternative splicing perturbations, we identified changes in splicing between lead-30 lM treated NPCs and untreated controls in the time series. Briefly, for each cassette exon in any given sample, we estimated its exon inclusion level (W) by using reads uniquely mapped to its UJC, DJC, and SJC. The probability of a significant splicing change (jDWj > 10%) between lead-30 lM and control in the same day is inferred by these junction counts via a Bayesian based model . The illustration of this procedure and an example are shown in Figures 6A-C. We thereby identified 374 cassette exons predicted to undergo significant splicing changes in lead-30 lM versus control in any of the day-by-day comparisons (FDR < 0.25) (Supplementary Table  4 ). To further confirm these lead-30 lM induced splicing changes, we randomly picked 7 exons with a large dynamic range of FDRs (0-0.22) to perform qPCR validation (Supplementary Table S4 ) (see "Materials and Methods" section). Of the 7 exons, the minimal qPCR fold change in the predicted direction is 1.5, suggesting that many of the 374 predicted cassette exons are likely to have significant splicing changes between lead-30 lM and control. Furthermore, the DW predicted by RNA-seq and the fold changes estimated by qPCR are highly correlated (Rho ¼ 0.71, Spearman's rank correlation) ( Figure 6D ). The genes containing lead-30 lM induced aberrantly spliced exons are significantly enriched in the GO term "cytoskeleton organization" (p ¼ .02, Bonferroni adjusted, Biological Process Level 3). Exon usage and splice site recognition are tightly regulated by a large number of SFs and auxiliary RNA-binding proteins (RBPs) in a very complicated manner (Chen and Manley, 2009 ). For example, a SF can enhance, repress or have no impact on an exon splicing, depending on the context, such as binding positions or the existence of other auxiliary RBPs (Saltzman et al., 2011; Wang and Burge, 2008; Witten and Ule, 2011) . Meanwhile, an exon can be regulated by several of these context dependent SFs at the same time. Hence, it is a challenge to pinpoint the exact mechanism of these lead induced aberrantly spliced exons. Despite this, we sought to examine any splicing master regulators (eg, SFs), in which they are substantially differentially expressed under lead exposure and could possibly contribute to these aberrant splicing events. To this end, we collected 60 RBP genes, which have prior evidence for regulation of alternative splicing (Chen and Manley, 2009; De la Grange et al., 2010) , and then compared their expression levels in lead-30 lM treated NPCs with controls. For each RBP gene, we calculated the total DEG day points in the time series (FDR < 5% via EBSeq and > 1.5 fold-change, median-by-ratio normalized read counts). If we rank them based on total DEG days, the top 3 RBP genes are ELAVL2 (24 days), CELF4 (24 days), and NOVA1 (23 days). ELAVL2 and CELF4 belong to the ELAV-like RBP family, in which the binding is involved in broad functions such as regulation of mRNA splicing, RNA editing, RNA stability and RNA translation. Interestingly, NOVA1 is a well-known neuron and brain-specific SF vitally important for neuronal development via regulating hundreds of alternative splicing events (Irimia et al., 2011; Jensen et al., 2000) . As shown in Figure 6E , NOVA1 is significantly upregulated in lead-30 lM if compared with the control in our time series. To test the potential link between the lead induced NOVA1 gene expression alteration and the lead induced splicing changes, we investigated whether the aberrantly spliced exons were significantly enriched in NOVA1 targets. We collected 326 high confidence mouse NOVA1 regulated exons from prior work that were determined by mapping NOVA1 protein binding footprints via UV-crosslinking and immunoprecipitation followed by high-throughput sequencing (HITS-CLIP) (Zhang and Darnell, 2011) . After transfer to human (hg19) coordinates via liftOver (Kent et al., 2002) , we identified 315 NOVA1 regulated exons in human genes. Interestingly, among our identified 374 lead-30 lM induced aberrant splicing exons, 25 of them (6.68%) overlapped with the NOVA1 regulated exon list. We also generated a list of background cassette exons, which do not show a significant lead-30 lM response (see "Materials and Methods" section). Among 23 399 background exons, only 138 of them (0.59%) overlapped with NOVA1 targets. These results suggest that lead-30 lM induced aberrant splicing exons are significantly enriched in NOVA1 targets (p < 2.2e-16, Fisher's Exact Test; Figure 6F ).
Transcriptome Change Signatures Predict Disease Risk
We hypothesize that the lead-30 lM induced transcriptome changes can be used to predict lead exposure associated disease risk. To investigate this, we collected the human diseaseassociated genes from DisGeNET (v2.1) (Bauer-Mehren et al., 2010) . Only high confidence gene-disease associations ("Curated-v2.1": UniProt and Comparative Toxicogenomics Database) were used, and associations based on "text mining MEDLINE" were excluded. To ensure each disease type has sufficient genes, we further removed disease types with <50 disease-associated genes, and thus we only focused on 84 disease types.
For lead-30 lM induced gene expression changes, we focused on the 487 genes, which were either significantly upregulated or downregulated for a long period of time (!20-day points) in lead-30 lM treated NPCs, when compared with untreated control samples. We also generated a set of background genes with no significant changes between lead-30 lM and control at all day points but have at least a minimal gene expression level (Ave. TPM > 1 in control samples across time points). For each disease type, we calculated whether the lead-30 lM most affected genes are significantly enriched in disease-associated genes by a one-sided Fisher's exact test. As shown in Figure 7A , the lead-30 lM affected genes are significantly enriched in eleven disease types (p < .01) which can be grouped into 4 categories: cognitive impairment (autism, schizophrenia, seizures, substance-related disorders, amphetamine-related disorders), cancer (prostatic neoplasms, colorectal neoplasms, melanoma, carcinoma hepatocellular), developmental impairment (craniofacial abnormalities), and hormonal-immune system disease (endometriosis).
In addition to gene expression changes, we also detected 374 cassette exons (Supplementary Table 4 ) which undergo lead-30 lM induced splicing changes. Although direct epidemiological evidence of disease associated alternatively spliced exons is very limited, we investigated whether the genes containing these lead induced splicing change exons are more likely enriched in specific disease types. Similar to disease gene enrichment analysis, we also generated a background gene list with the additional requirement of no splicing changes between lead-30 lM treated NPCs and controls (Methods). As shown in Figure 7B , the lead-30 lM induced splicing change genes are enriched in 6 disease types (p < .01): autism, schizophrenia, status epilepticus, nerve degeneration, carcinoma adenoid cystic, and PCOS. Strikingly, autism and schizophrenia diseases appear in both transcriptional (gene expression) and posttranscriptional (alternative splicing) predictions.
DISCUSSION
In this study, we hypothesized that lead induced transcriptome change signatures for cells in vitro can be used to predict lead show that excessive exposure to lead is associated with risk of cognitive deficits (eg, autism; Landrigan, 2010; Lidsky and Schneider, 2005; schizophrenia; Opler et al., 2004) , and developmental impairment; Saleh et al., 2009) . Epidemiological studies also make a connection between lead exposure and the risk of several types of cancers (Fu and Boffetta, 1995) such as prostate cancer (Siddiqui et al., 2002) . Interestingly, lead-30 lM affected genes are also enriched in endometriosis disease. Although there is no direct epidemiological evidence to demonstrate this association, a study suggests a potential link between heavy metal (cadmium) exposure and endometriosis (Jackson et al., 2008) . In our study, the disease risk prediction is based on 487 genes which were either significantly upregulated or downregulated for a long period of time (!20-day points) in lead-30 lM treated NPCs, when compared with untreated control samples. We further investigated whether we can use low concentration lead (3 lM) induced transcriptome change signatures to predict disease risk. Due to a very limited number of genes being either up or down regulated at each time point in low dose (lead-3 lM) treated NPCs (Figure 3 ), if we apply the same criteria as lead-30 lM (!20 day points, upregulated or downregulated) to select genes to fit disease models, only 6 genes can be selected. Therefore, we relaxed the criteria for lead-3 lM by selecting genes with !5-day points that are either upregulated or downregulated when compared with untreated control samples. Using the relaxed criteria, we selected 209 genes to perform disease gene enrichment analysis. As shown in Supplementary  Figure 3 , autism is the only predicted disease at the p < .001 significance level in lead-3 lM. Autism is also the top predicted disease in lead-30 lM with a more significant p-value, but lead-30 lM predicts more diseases (eg, several cancer types) at the p < .001 significance level ( Figure 7A ). Several cancer types are enriched in low concentration lead (3 lM) at the p < .01 significance level. These results suggest that the overall disease risk predictions between lead-3 and -30 lM are similar, but lead-30 lM increases the statistical significance indicating higher disease risk prediction sensitivity. In addition, the disease enrichment results are in alignment with epidemiological studies.
We also found genes containing lead induced aberrantly spliced exons are enriched in 6 disease types (p < .01): autism, schizophrenia, status epilepticus, nerve degeneration, carcinoma adenoid cystic and PCOS. Autism and schizophrenia diseases are significantly enriched in both lead induced transcriptional changes (gene expression changes) and posttranscriptional changes (alternative splicing) suggesting strong links with lead exposure. Interestingly, the genes containing lead induced aberrantly spliced exons are enriched in PCOS, which is the most common cause of female infertility. Although studies show obesity (Gambineri et al., 2002) and several genetic factors (Shi et al., 2012) might increase the risk of PCOS the exact cause of PCOS is still largely unknown. However, studies suggest that PCOS is tightly related to abnormal alternative spliced transcripts (Brazert et al., 2014; McAllister et al., 2014) . Our study indicates a potential novel risk factor for PCOS: lead exposure. Nevertheless, this association needs to be further investigated.
Lead is widely used in industry and has a significant impact on human health. Although the exposure of lead has been linked with several diseases, the molecular mechanism of lead toxicity is largely unknown. Using a DTW algorithm (Giorgino, 2009 ) coupled with a one-sided Wilcoxon signed-rank test, we detected 1041 and 478 lead-30 lM induced accelerated and decelerated genes respectively. These genes altered the speed of normal NPC transcriptome dynamic change over time. Perturbation of gene expression can potentially remodel the pathways and further result in disease risks (Cohen et al., 2007) . Interestingly, the lead-30 lM induced accelerated genes are significantly enriched in ribosome pathway (hsa03010: Ribosome, P ¼ 1.77E-13, Bonferroni adjusted) (Supplementary Table 3 ). Although it is well known that ribosomal proteins (RPs) are essential for protein synthesis, RPs can also play an important role in extraribosomal functions that are independent of protein biosynthesis including but not limited to DNA replication, transcription, cell growth and proliferation, cancer, aging, and regulation of development (Bhavsar et al., 2010; Mao-De and Jing, 2007; Zhou et al., 2015) . In addition, RPs can play a role as caretakers in response to cellular stress and genomic instability (Kim et al., 2014) . Ribosomal biogenesis is also associated with tumor surveillance and cancer development (Liu et al., 2016) .
In addition to lead induced gene expression changes, we also detected 374 lead induced alternative splicing changes by using RNA-seq reads mapped to exon-exon splice junctions. The advantage of using exon-exon splice junction read counts (exon upstream, downstream, and skipping junction read counts) to infer the probability of splicing change in 2 conditions is that it minimizes the chance that the splicing change detected is due to a gene expression change. Thus, using exonexon splice junction read counts can significantly increase the specificity. However, this approach requires that the exon-exon splice junction region needs to have sufficient read counts to get a significant p-value. Therefore, it requires very deep sequencing read depth and that genes in both conditions be highly expressed. These limitations decrease the sensitivity of this approach. In this study, we sequenced approximately 17 million reads per sample, which is far below a study using a similar approach to detect splicing changes (>50-100 M reads per sample) . Thus, the number of lead-30 lM induced splicing changes is likely underestimated in our study. Even with the relatively shallow sequencing, we still discover 374 alternative splicing events. Alternative splicing is a mechanism for generating a variety of protein products from one gene. Aberrant splicing is associated with many human diseases (Dredge et al., 2001) . The lead induced aberrantly spliced exons found in this study add an important post-transcriptional layer to the changes in gene expression that underline how lead impacts the human transcriptome. GO analysis shows that the genes containing lead-30 lM induced aberrantly spliced exons are significantly enriched in the GO term "cytoskeleton organization" (p ¼ .02, Bonferroni adjusted), suggesting that lead could potentially impact cellular assembly, arrangement of constituent parts, or disassembly of cytoskeletal structures via disrupting normal alternative splicing at posttranscriptional level.
Interestingly, these aberrantly spliced exons are significantly enriched in NOVA1 targets (p < 2.2e-16, one-sided Fisher's Exact Test; Figure 6F ). NOVA1 is a neural-specific (or enriched) SF, and its expression is restricted to (or enriched in) specific regions of the central nervous system, primarily the hindbrain and ventral spinal cord (Dredge et al., 2001) . The ectopic NOVA1 expression is associated with paraneoplastic opsoclonus-myoclonus ataxia disease which is a neurological disorder characterized by deficits in inhibitory motor control in the eyes, limbs, and trunk (Darnell and Posner, 2003; Dredge et al., 2005) . Lead induced upregulation of NOVA1 expression as well as the enrichment of NOVA1 targets in aberrantly spliced exons highlight a neural disease risk under lead exposure via potential disruption of the NOVA1 regulated splicing network.
A study treated human PBMCs with different concentrations of lead acetate (from 0.08 to 50 lM) to investigate how lead affects cytokine expression (Gillis et al., 2012) . They identified 22 genes that were persistently elevated by lead. 10 and 11 out of these 22 genes can also be detected in our lead-3 and -30 lM treated NPCs, respectively, by requiring that at least one day point exhibits upregulation and no day points exhibit downregulation. Interestingly, in their study, the metallothionein genes had the highest fold changes in response to lead. The genes in the MT gene family have the capacity to protect against metal toxicity by binding heavy metals via their cysteine residues (Karin and Richards, 1984) . If we sorted our low concentration lead (3 lM) induced gene expression changes by the total number of day points that are upregulated, all of the top 3 genes (MT1X, MT2A, and MT1E) belong to the MT gene family. In fact, the genes (MT1X, MT2A, and MT1E) are up regulated at almost all time points (24-to 26-day points) in both the lead-3 and -30 lM treated NPCs.
A study exposed rats to lead acetate from birth to weaning to examine lead induced gene expression changes of 3 neuronotypic and gliotypic markers: growth-associated protein (GAP-43), myelin basic protein (MBP), and glial fibrillary acidic protein (GFAP) in the cerebellum on postnatal days (PND) 3, 6, 9, 12, 15, 20, 25, 30, 40, and 50 (Zawia and Harry, 1996) . On PND 9, they observed a significant stimulation of GAP-43 expression in rat samples with lead exposure if compared with untreated controls. In our in vitro experiment, lead-30 lM significantly upregulated GAP-43 in 9-day points (days 3, 4, 5, 6, 14, 16, 18, 20, 22 ) if compared with untreated controls, and none of the day points showed significant downregulation of GAP-43 in lead-30 lM samples. Their in vivo study also observed an early upregulation of MBP gene expression, but the expression levels for both MBP and GFAP were decreased between PND 20 and 50, in leadexposed rats (Zawia and Harry, 1996) . In our in vitro experiment, lead-30 lM significantly upregulated the MBP gene in day point 1 and downregulated GFAP gene in 16-day points (days 5-15, 17-19, 21, and 25) , which is in agreement with the rat data. No other day points showed significant differential expression for MBP or GFAP genes. For our low concentration lead (3 lM), none of these 3 genes (GAP-43, MBP, and GFAP) were found to be significantly differentially expressed at any of the day points.
Another study used Affymetrix microarrays to systemically investigate the effects of different levels of lead exposure (250 and 750 ppm lead acetate) by feeding Pb-containing food (RMH 1000 chow with or without added Pb acetate) during perinatal (gestation/lactation) and postnatal (through PND 45) periods on the hippocampal transcriptome in male and female rats (Schneider et al., 2012) . They identified 395 genes in response to lead exposure either in male or in female rats. To compare them with our in vitro experiment, we matched these rat gene symbols to our human gene symbols, and also removed genes with inconsistent changes in their samples (eg, upregulated in one sample but downregulated in another sample). This resulted in a set of 284 genes in response to lead exposure in vivo. A comparison of these 284 genes in vivo and our in vitro response to lead is shown in Supplementary Figure 4A . For these 284 genes, if we require that at least one day point in our in vitro experiment show the same change direction with in vivo but no opposite change directions at any day point (eg, upregulated in any of the 26-day points but no downregulated day point), then we observe 13 and 56 consistently changed genes between their in vivo samples and our in vitro samples for lead-3 lM and lead-30 lM, respectively (as shown in Supplementary  Figs. 4B and C) . Due to differences in biokinetics and bioavailability of chemicals in vitro and in vivo and to variations between experimental conditions (eg, different species and cell types), the modest percentage of overlap between genes response to lead exposure in vivo and in vitro is expected. In fact, even carefully controlling other factors, the outcomes of lead exposure in vivo are different in males and females (Schneider et al., 2012) . Nevertheless, the lead induced consistently changed genes (Supplementary Figs. 4B and C) suggest that certain genes are robustly responding to lead exposure regardless of different conditions, such as different species, cell types, or whether the experiments are performed in vivo or in vitro.
There are another 2 studies that have shown that lead can also reprogram genes during the aging process by comparing aging mice with early life exposure to lead versus infant controls Dosunmu et al., 2012) . The results indicate that early life exposure to lead not only affects development, it may also affect the normal aging process in later life.
Although the in vitro model is cost effective, its culture condition is simple and artificial compared with the complex in vivo environment, in which the regulatory environment might be quite different. For complex tissues, such as the brain, such factors could even vary region by region. Furthermore, an in vitro model cannot model other factors, such as sex bias, in response to lead exposure. In fact, a previous study has shown that the outcomes from lead exposures are different in males and females (Schneider et al., 2012) . Our disease risk prediction based on our in vitro model does not take into consideration sex-specific effects and unique sex-specific risk factors. In addition, due to differences in biokinetics and bioavailability of chemicals in vitro and in vivo (Gü lden and Seibert, 2006) , it is very hard to draw a conclusion about how the concentration range of lead exposure in humans compares to lead concentrations used in an in vitro experiment. In fact, the cause of any disease is very complicated, and it is the outcome of aggregation of different risk factors. Our disease gene enrichment analysis only gives qualitative but not quantitative disease risk predictions. For example, based on our prediction, lead exposure could significantly increase the risk of several diseases (eg, autism, cancer). Our disease gene enrichment analysis provides correlations between lead induced transcriptome changes and disease associated genes. In vivo studies face similar challenges in predicting disease risk owing to differences in species' responses to lead. Our in vitro studies are meant to complement other in vitro studies, in vivo studies, and epidemiological studies.
The lead induced transcriptome changes, splicing alterations, and the predicted disease risk associations in this study give insight on the molecular mechanisms of lead toxicity, and can lead to a better understanding and potentially treatment of lead associated diseases. However, we acknowledge that our analysis is limited to the transcriptome level. Profiling lead induced other types of changes, such as proteomics, epigenetic and microRNA changes would aid in understanding of the effects of lead toxicity.
Our study also suggests that a human (ES) cell-derived system can be useful for drug or compound toxicity screens and safety assessment.
SUPPLEMENTARY DATA
Supplementary data are available at Toxicological Sciences online.
